Predicting Cancer Heterogeneity from One-shot Biopsy
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Abstracts
Cancer heterogeneity leads to a wide variety of responses to therapy. However this
fact is not mainly considered in clinical situations. With the advance of genome
sequence technology as represented by single-cell RNA sequencing, we need to take
heterogeneity concepts into clinical treatments and examinations. Here we focus on a
biopsy from cancer. For instance, lung biopsy is important for molecular-target drugs
because the drug only cure molecular positive tumors such as EGFR. EGFR-targeted
drug can cure EGFR positive adenocarcinoma with the success rate 80% but the rest
of 20% EGFR positive adenocarcinoma are not effective. This is due to existing
biopsy cannot extract EGFR gene information correctly because of heterogeneity.
Using 430 single-cell RNA sequencing data, we prove a random biopsy cannot verify
the expression of EGFR with Kolmogorov-Smirnov test (p-value 0.64±0.02) from real
patients’ data (the largest test ever experimented). In second experiment, we build
heterogeneity prediction model from one time biopsy since we want to predict
heterogeneity with the fewest number of biopsies. Our model succeeded in predicting
heterogeneity of 3 genes, which suggests cancer heterogeneity is predictable from one
shot biopsy in specific condition.

1. Introduction
Heterogeneity is the differences between tumors of the same type in different patients, and
between cancer cells within a tumor. Detection of minor, genetically distinct subpopulations within
tumors is a key challenge in cancer genomics [1,2] because the subpopulations interacts each other
to survive from anti-cancer drugs and severe microenvironments. However we are far from
understanding the dynamics of the interactions among subpopulations. Thus at the moment, we
cannot take cancer heterogeneity into clinical situations.
Surprisingly as for prostate cancer, Gleason grading system has been developed from the 1960s
[3] and it is still widely used for the prognosis of cancer [4]. Gleason grading is based on
pathological images to examine heterogeneity. It collects at least two samples from a prostate
biopsy and the score is calculated from histological patterns from two tissue slides. Considering

cancer heterogeneity into clinical staging, Gleason score is one of
the most useful benchmark in cancer. However other cancers such as
lung cancer does not have grading system considering heterogeneity
because lung adenocarcinoma is similar morphology in a tumor.
The aim of this work is to extract cancer heterogeneity feature
from one time biopsy using single-cell RNA sequencing (Single-cell
RNA-seq) not histology. In addition to the morphology, prostate
cancer needs biopsy more than two times to extract heterogeneity.
However biopsy from lung should be done at one time. This is due
to lung biopsy is more dangerous than from prostate biopsy since it
can cause pneumothorax and pneumonia [5]. So in terms of biopsy
risks, it is better to practice lung biopsy at one time to get
heterogeneity features.
The 1st experiment of this paper focuses on epidermal growth
factor receptor (EGFR) genes. In clinical situation, EGFR is
important because EGFR-targeted drugs do cure EGFR positive
adenocarcinoma with 80% response rate [6,7]. However the rest of
20% EGFR positive is not cured because of the heterogeneity. Therefore the main challenge we are
interested in is how to diagnose and treat such ineffective lung cancer from one-shot biopsy.
Genome sequencing costs money and time so we need to examine cancer heterogeneity with the
fewest number of biopsies.
Currently single-cell RNA-seq made possible to reveal gene expression of each cancer cell. We
used the data to 1) prove that existing biopsy is unstable to verify EGFR positive and 2) make a
model that predicts the variance of gene expression from other genes.

2. Methods & Experiment

Single-cell RNA-seq technology has a big effect on caner genome study [8]. We used gene
expression data from the research of glioblastoma heterogeneity (Fig 1.b) [9]. SMART-seq protocol
was implemented to generate single cell full length transcriptomes and sequenced using 25 bp
paired end reads. Cells were also cultured in serum free conditions to generate gliomasphere cell
lines which were then differentiated using 10% serum (DGC). Population RNA-seq was performed
on these sample. The initial dataset included 875 RNA-seq libraries (576 single glioblastoma cells,
192 single gliomasphere cells, 5 tumor population controls, 6 population libraries from GSC and
DGC samples). Data was processed as described below using RSEM for quantification of gene
expression. 5,948 genes with the highest composite expression either across all single cells
combined (average log2(TPM)>4.5) or within a single tumor (average log2(TPM)>6 in at least one
tumor) were included. Cells expressing less than 2,000 of these 5,948 genes were excluded.
To prove the unstable biopsy, we first divide single-cell RNA-seq data into two groups and
performed Kolmogorov-Smirnov test (KS test) [10]. This test distinguishes two different biopsies
originated in the same tumor. We performed KS test for 1000 times with random group at each time
(Fig 2.a).
The second experiment is to predict a variance of genes’ expression (not only EGFR gene) from
one single-cell RNA-seq (Fig 2.b). The lesson from EGFR-targeted drug effectiveness implies not
average but variance of EGFR expression is important for the resistance of EGFR-targeted drug. We
hypothesized the variance of gene X comes from genes related to gene X because a cancer cell
secrets and receive signals each other. Thus our hypothesis related genes of a gene X could explain
the variance of gene X expression. In this context, gene X is one of 30 genes that are statistically
significant compared to normal tissues. We used edge-R to calculate fold-change of genes’
expression between a tumor and the normal. We took from top to 30th genes by order of absolute
fold-change. Thus we tried to predict the variance from the 29 genes related to a gene X . We used
linear least squares and considered to predict 30 genes of heterogeneity. Here we define the
heterogeneity of a gene X by the variance of a gene X expression in tumor bulk since definition of
clonal heterogeneity is not sophisticated enough for handling them quantitatively. In summary of
our date set, input dimension is 29 genes’ expression and output dimension is 1 gene’s heterogeneity
among tumor bulk. Our dataset is 430 single-cell sequencing.

3. Result
In the first experiment, the result of KS test is p-value 0.64±0.02. This indicates it is hard to know
whether two groups of single-cell RNA-seq are from the same EGFR gene expression distribution.
In second experiment, we made linear regression models of 30 genes to predict the variance of
gene expression. As a result, we obtained 3 genes (IRS2, MAP2, ERBB2) that can predict the
heterogeneity with F-test (3 of them have 0.76 score of R-squared). The other 27 genes had low
value of R-squared. We analyzed these 3 genes using GeneMania [12]. Using the following graph
concept, we found the 3 genes locating in the center of 30 genes (Fig 3). One of possible reasons
why those 3 genes are predictable is that they are connected with a good number of different genes
and the knowledge on the rest of the other genes is useful enough to identify gene expression

profiles of those 3 genes without any initial knowledge about those 3. This suggests the variance of
genes could be predictable from the other genes if genes are located in the center.
Fig 3. Result from GeneMania[12]. Red line above shows physical interactions of genes. 2 genes
are connected to 3 genes.

4. Conclusion
This paper investigated the unstableness of biopsy. Traditional procedure of biopsy is not a
reliable way to decide EGFR positive or negative. It is extremely useful if we can predict the
variance of gene expression from one biopsy. We showed 3 linear regression models which account
for the heterogeneity of a gene X and the rest do not work well. Further research is desired to
predict other genes.
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